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Abstract: This study was an evaluation of the spectral signature generalization properties of coral
across four remote Pacific Ocean reefs. The sites under consideration have not been the subject
of previous studies for coral classification using remote sensing data. Previous research regarding
using remote sensing to identify reefs has been limited to in-situ assessment, with some researchers
also performing temporal analysis of a selected area of interest. This study expanded the previous
in-situ analyses by evaluating the ability of a basic predictor, Linear Discriminant Analysis (LDA),
trained on Depth Invariant Indices calculated from the spectral signature of coral in one location
to generalize to other locations, both within the same scene and in other scenes. Three Landsat
8 scenes were selected and masked for null, land, and obstructed pixels, and corrections for sun
glint and atmospheric interference were applied. Depth Invariant Indices (DII) were then calculated
according to the method of Lyzenga and an LDA classifier trained on ground truth data from a single
scene. The resulting LDA classifier was then applied to other locations and the coral classification
accuracy evaluated. When applied to ground truth data from the Palmyra Atoll location in scene
path/row 065/056, the initial model achieved an accuracy of 80.3%. However, when applied to
ground truth observations from another location within the scene, namely, Kingman Reef, it achieved
an accuracy of 78.6%. The model was then applied to two additional scenes (Howland Island and
Baker Island Atoll), which yielded an accuracy of 69.2% and 71.4%, respectively. Finally, the algorithm
was retrained using data gathered from all four sites, which produced an overall accuracy of 74.1%.
Keywords: coral detection; classification; spectral signature expansion; benthic habitat mapping;
Landsat 8
1. Introduction
Coral reefs are among the most complex and diverse ecosystems in the world [1].
However, these delicate ecosystems are under extreme threat due to numerous environmental and
anthropogenic forces. Ocean acidification and mass bleaching events leading to large scale coral death
is well documented [2–10]. Therefore, monitoring of these ecosystems is critical to inform policy and
decision making for all agencies and at all levels. A comprehensive plan for evaluating the health of these
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delicate ecosystems is a complex endeavor that can only be achieved through the combined efforts of
both detailed in-situ analyses and efficient, large scale analyses.
Historically, studies of coral reefs have relied on manual surveys [11–15], which are prohibitively
expensive to operate at scale [16]. More recently, remote sensing data has been used to evaluate
individual sites. The most common sensors suitable for coral detection are SPOT High-Resolution
Visible (HRV), Landsat Multispectral Scanner (MSS), Thematic Mapper (TM), Enhanced Thematic Mapper
Plus (ETM+), Operational Land Imager (OLI), IKONOS, Advanced Airborne Hyperspectral Imaging
System (AAHIS), Airborne Visible/Infrared Imaging Spectrometer (AVIRIS), and Sentinel-2 [17–25].
However, it is noteworthy that there are many more satellites available that can provide remote sensing
data for coral reef analysis [26–28]. The 400 nm–600 nm wavelength spectral radiance is known to be
useful in the mapping of ocean habitats including coral [29–31]. This visible light portion of the spectrum
can penetrate ~15 to 30 m through clear waters, depending on turbidity and water quality [32]. Therefore,
remote sensing data in these bands can contain information regarding the presence of coral on the ocean
floor. Yet, this penetration depth is wavelength dependent as it decreases with longer wavelengths [33].
As a result, the blue spectral bands (400 nm) attenuate more slowly than red spectral bands (600 nm) [34].
This is particularly important because coral detection does not only come with spatial and spectral
limitations, but also the confounding influence of variable depth on bottom reflectance, and disturbances
due to turbidity of the water column [35–38]. These factors significantly influence the spectral reflectance
of coral causing the signal received by the sensor to be highly dependent on the depth of the marine
environment [39,40]. Therefore, water column and atmospheric corrections are needed in addition to
adjusting for sun glint to accurately detect the existence of coral within a pixel [41–43]. Coral environments
are among the most diverse environments in the world, and therefore, the spectral radiance can have some
degree of variation even within a single pixel as the coral species varies within the location. In addition,
coral environments are often heterogeneous, exhibiting a complex mixture of bottom types within a single
pixel. This poses further challenges when using remote sensing data to detect coral’s characteristics,
such as the diversity and cover of coral species within each pixel according to the resolution available
from a given spectrometer. These factors weaken the ability of a classifier to accurately determine the
existence of coral. This is because satellites equipped with lower resolution spectrometers will tend to
capture more heterogeneity within each pixel, and in turn deliver more mixed information regarding
spectral reflectance to the classifier.
There have been a multitude of studies that leverage remote sensing data to evaluate reef health
on an in-situ basis. These studies isolate a single location and provide in depth analysis of reef
health for that site. Many such studies are temporal, also called spectral signature generalization and
expansion [44] and therefore provide invaluable insight into the impact of climate change and the
resulting site-specific environmental transformation. While these studies consistently reiterate the
spectral signature generalization properties as they relate to a single site temporally, they do not address
the spatial generalization properties of the spectral signature across multiple sites. If the existing
in-situ studies are considered temporal studies, the progression based on spatial generalization can be
considered a longitudinal or spatial study. While temporal studies have been conducted to evaluate
the generalization properties of remote sensing information across seasons and years, evaluation of the
spectral signature generalization properties across various proximities will measure the larger impact of
disparate environmental conditions spatially, in addition to variations in the spectral reflectance of the
coral ecosystems themselves. This longitudinal analysis will account for any location-based bias that
previous in-situ analysis could not account for. Studying this bias and how well information contained
within spectral reflectance generalizes spatially, in combination with the existing knowledge of how
well spectral reflectance generalizes temporally, will significantly enhance our scientific understanding
of detecting coral using remote sensing data. Furthermore, this knowledge will augment the existing
research to enable temporal analysis on a larger scale than previous in-situ efforts. This research has
been conducted with these far-reaching goals in mind. Specifically, we have focused on Landsat data,
since there is a rich anthology of historical scenes which can be analyzed. We have limited our usage
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of the existing Landsat bands only to those which have been available historically and not the coastal
aerosol band, which is only available on the most recent Landsat 8 mission.
In this study, we evaluated the spatial generalization principles of the spectral signature across
sites and scenes when applied to the detection of coral reefs. We considered four different locations
across three different Landsat 8 scenes where coral reefs are known to exist. Our implementation
accounts for obstructions in the image (clouds, shadows, dropped pixels, etc.), applies a water mask,
corrects for atmospheric obstructions and sun glint, then calculates depth invariant indices across the
image. Using the corrected depth invariant outputs of these preprocessing steps, we then applied
linear discriminant analysis (LDA) to predict the presence of coral. After evaluating the accuracy of this
in-situ analysis, we trained an LDA algorithm for application to coral cover type in another location
within the same scene. Finally, we applied the linear discriminant analysis function to several sites in
different Landsat scenes and analyzed the results. The methodology is a representation of the common
data and applied science practice of splitting a dataset into training and testing sets. Many in-situ,
temporal analyses perform train and test splits when creating a classifier, as it is the most appropriate
thing to do; however, there is an inherent bias between train and test samples of a single site simply
due to the common environmental factors influencing the model input features. This bias is more
pronounced when samples are in close proximity to each other. The result is a model that is trained
and assessed using only localized observations from a single site and therefore will not generalize well
longitudinally. The reason is those observations do not adequately represent observations from other
locations due to fluctuations in environmental conditions, including water turbidity, the diversity of
marine life, and the bottom cover type itself, as well as unique geomorphological features that may
be specific to a single location. Training a model on a given site and then evaluating performance on
another site will eliminate this localized bias. As the distance between training and testing observations
increases, the influence of environmental factors on both the train and test data from that unique site is
reduced or eliminated. The result is a novel model that is trained on a diversity of environments and
conditions enabling the output to be more robust than in-situ analysis to location bias, and therefore
generalize more effectively.
In this paper, the first section will discuss the materials and methods used in the study, including
a description of the data used and the geomorphology of each site, as well as the steps taken to
preprocess the satellite images. The Materials and Methods section is followed by a review of the per
site results, a quantitative assessment of the site-specific generalization performance and an evaluation
of a robust model constructed using consolidated information from all the sites. The Discussion section
of the paper includes an examination of the spectral signature generalization properties as it pertains
to coral reef detection, an appraisal of the benefits and challenges of the methods evaluated in the
research, followed by a proposal for future work in the area. The paper closes with a discussion
regarding conclusions and outcomes resulting from this research.
2. Materials and Methods
2.1. Data Used
Images from Landsat-8 OLI with 30-m spatial resolution were used in the analysis. The visible
bands were used due to their water column penetration properties, with band 2 corresponding to
0.450–0.515 µm (blue), band 3 corresponding to 0.525–0.600 µm (green), and band 4 corresponding to
0.630–0.680 µm (red). Band 5, which represented near infrared (NIR), was used to identify areas of full
wavelength absorption for water masking. For each location of the analysis, Landsat 8 images produced
within 6 months of the ground truth observation date were used [45,46]. Scenes were restricted to
no more than 10% cloud cover and the remaining images were then inspected to determine which
were most appropriate, including factoring in the location of clouds and other disturbances in the
observation areas. In total, three different scenes were selected in the Pacific Ocean for our experiment
as shown in Figure 1. A listing of each site and the associated Landsat scene Row-Path reference is
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provided in Table 1. It is noteworthy that the first two sites were within the same path/row scene,
hence the three scenes here are representing four sites.
Table 1. Selected Scenes for Study.
Location
(Figure 1) Path/Row Location Image Capture Date
Area of
Interest Size
Number of
Observations
Distance from Observation
Site (Palmyra Atoll)
1 065/056 Palmyra Atoll (1) 27 May 2015 19 × 5-km 82 –
2 065/056 Kingman Reef (1) 27 May 2015 16 × 8-km 57 67.9-km
3 060/073 Baker Island Atoll (2) 20 August 2014 9 × 11-km 26 1709.6-km
4 059/074 Howland Island (4) 18 January 2015 9 × 8-km 30 1719.6-km
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Figure 1. The location of the four sites (1) Palmyra Atoll, (2) Kingman Reef, (3) Baker Island Atoll,
and (4) Howland Island.
2.2. Sites
2.2.1. Palmyra Atoll
Palmyra Atoll is a 20-km long elliptical reef located at 5◦52′N 162◦6′W within the Northern Line
Island chain. It contains elongated terraces that extend 3 to 5 km off both the east and west ends of the
atoll, the depths of which range from 7 to 25 m [47]. Benthic environments in the backreef are generally
characterized by high rugosity, continuous reefs consisting of >50% live coral, interspersed with
large, dead, standing corals [48]. Benthic fore reef habitats are dominated by hard coral and crustose
coralline algae, together comprising 48% of all surfaces [49]. Halimeda and turf algae dominate fore
reef benthic algal assemblages [50]. The lagoon is heavily degraded, characterized by high turbidity,
sedimentation, and a benthos dominated by sponges with very few corals observed [51]. Coral reefs
are concentrated on the westward reef terrace with algae accumulation primarily along the reef crest
and within the lagoon. Over 50% of the hard coral at the site is comprised of Montipora, Porites,
Pocillopora, and Pavona genera [52]. The isolated area of interest containing the Palmyra atoll with
masked land and cloud pixels is shown in Figure 1.
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2.2.2. Kingman Reef
Kingman Reef is the northern-most reef in the Line Island chain located 68 km northwest of
the Palmyra Atoll at 6◦23′N 162◦25′W. The atoll is triangular, stretching 18 km east-west and 9 km
north-south [53] with shallow (<2 m) reefs along the southern and northern sides that are connected
by a deeper reef (>20 m) along the western terrace. The atoll contains 2 small rubble islands near the
eastern ends of the shallow reefs but lacks permanent emergent land. The lagoon is predominantly
deep (>30 m) with large patch reefs that range from 50 to 200 m in diameter and extend to within
2 to 10 m of the surface. The lagoon side of the reef crest is comprised of a steeply sloped back
reef habitat. The fore reef is consistent along the northern and southern coasts originating with a
gradually slopped terrace extending 30 to 60 m from the reef crest with a drop-off beginning at ~20
m deep [54]. The most commonly occurring hard coral genera within Kingman Reef are Porites,
Pocillopora, Acropora, and Favia which comprise >50% of all hard coral cover at the location [52].
Figure 1 exhibits the Kingman Reef area of interest with masked cloud cover. In addition, a small
portion of exposed rubble can be observed on the eastern portion of the northern reef crest.
2.2.3. Baker Island Atoll
Baker is an outlier island of the Phoenix Island Archipelago and classified as a low reef island.
The shallow marine benthic habitats consist of fringing reef crests, shallow back reefs, steep fore
reefs, spurs-and-grooves, and small reef terraces. The west, north, and south of the island consists
of steep reef slopes that descend to great depths [55]. The easterly side of the island is characterized
by spurs-and-grooves and oligotrophic waters off reef terraces [56]. However, the island’s proximity
to the equator (0◦12′N 176◦29′W) causes it to be influenced by both the westward-flowing Southern
Equatorial Current at the surface and the strong eastward-flowing Equatorial Undercurrent, resulting in
nutrient rich topographic upwelling on the western side of the island [57]. Acropora comprise >60% of
coral observed at the location while Fungia and Pocillopora are also common genera [57]. Figure 1
includes a display of the Baker Island Atoll area of interest with land and cloud mask applied.
2.2.4. Howland Island
Howland Island is located at 0◦48′N 176◦37′W, just 66 km northwest of Baker Island;
however, they fall in two different Landsat 8 scenes. As a result, they share many common
environmental features, but the two sites are captured in separate path-row images. Similar to Baker
Island, Howland Island is also classified as a low reef island and considered an outlier island of the
Phoenix Island Archipelago. The Island’s geomorphology consists of a narrow, shallow fringing reef
and a steep slope that descends to great depths just off the coast. The western coast of the island is sandy
and low while the waves and trade winds have caused the eastern side to be more abrupt and covered
with coral rubble [58]. Given the island’s proximity to the equator, it also is impacted by topographic
upwelling of rich nutrients as the Southern Equatorial Current and Equatorial Undercurrent encounter
the abrupt west slope of the island [57]. However, the hard coral species that exist in the habitat
are somewhat different from what can be observed at Baker Island. The most abundant genera are
Pocillopora, Pavona, Porites, Montipora, and Fungia, which is more similar to the representation found
at Palmyra Atoll [57]. Figure 1 includes a presentation of the Howland Island area of interest isolated
for study and processing, with a land and cloud mask applied.
2.3. Methodology
The overall layout of the processing approach applied to the three selected scenes is shown
in Figure 2. The approach can be broken down into six major components: Preprocessing the
image for land, water, and cloud masking, atmospheric and water column correction, LDA model
training, LDA model application, model performance evaluation, and analysis of model generalization
properties. These steps were repeated for each of the four sites within the three scenes. Scenes were
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selected to minimize the presence of clouds in the image. Pixels that still suffer cloud cover or other
obstructions were then identified and masked. This is followed by creating a water mask by applying
a threshold to the near-infrared (NIR) band. The optimal threshold to use for the water mask is
beyond the scope of this paper; however, a clustering method such as k-means with two classes can
be employed across the area of interest to identify pixels with full wavelength absorption and pixels
without full wavelength absorption. The reflectance cutoffs employed for each scene in this study
ranged from 0.31 to 0.325. The water body and corals have similar spectral reflectance, which may
lead to misclassification in water/coral areas. A deep-water area of interest (AOI) was selected to be
used in atmospheric correction via the dark-pixel subtraction method [30,59,60]. An LDA application
was then implemented and trained on the Palmyra Atoll site data. LDA is a frequently applied
algorithm in studies involving classification based on remote sensing data. The algorithm attempts
to discriminate discrete classes using a linear combination of continuous independent variables.
In this way, the algorithm characterizes coral pixels based on a pooled covariance matrix of the pixel
values and prior probabilities of the classification groups. A decision boundary between the classes
is determined and observations are assigned to the class from which it has the smallest squared
deviance [61,62]. Accuracy of the algorithm was evaluated using a leave one out cross validation.
The model trained using Palmyra Atoll site observations was then applied to Kingman Reef site data
(also within Path/Row 065/056) and the resulting performance was evaluated. Finally, the same
model was applied to sites in several different scenes namely Baker Island Atoll and Howland Island.
The resulting model performance was measured and analyzed, and its implementation was created
using the open source R programming language and environment for statistical computing [63].
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2.3.1. Cloud and Quality Mask
The first step taken to preprocess the selected images was the identification and masking of pixels
obscured by cloud cover and shadows. While scenes were selected to minimize the amount of cloud
cover, none of the images were completely devoid of clouds. Given the location of the sites, the Pacific
Ocean near the equator, and the six-month window constraint, the probability that a satellite image
would be taken on a cloud free day is small. Masking of clouds was performed by leveraging the
Landsat 8 product quality band [64], which provides a per pixel approximation of confidence that a
given condition exists [65]. There are several possible ways in which bias from cloud obstruction can
contaminate an analysis. The obvious entry point is disrupting the reflectance of a pixel or group of
pixels. In addition to directly influencing surface reflectance, cloud cover present in the deep-water
AOI can alter the values used for atmospheric correction applied to the image through the dark-pixel
subtraction method [66]. As a result, this initial step of masking cloud interference was a critical
preprocessing step.
2.3.2. Water Mask
The study of DII related metrics across large scenes requires preprocessing that includes masking
land in addition to clouds and shadows. This step is imperative as including land pixels can distort
the DII parameters when calculated across a scene. The water mask was created by leveraging the
Landsat 8 NIR sensor. This sensor measures light between 0.851 and 0.0879 µm. Water absorbs light
in these wavelengths therefore, it is a good candidate for discerning water from land in any given
scene [67]. As in the visible bands, the Landsat 8 NIR band (band 5) is at a 30 m resolution. A threshold
was applied to the NIR band pixel values of each scene. The plots were then evaluated visually to
determine the most appropriate cutoff for separation of land and water. A mask was created for pixels
determined to be water based on this threshold value.
2.3.3. Atmospheric Correction
In the visual bands, 90% of the at sensor reflectance depends on atmospheric and water surface
properties [68]. Therefore, atmospheric correction is first performed using the dark pixel subtraction
method [69]. This method selects areas of the scene with water known to be deep enough for the visible
bands to fully attenuate. Signals received from these areas are comprised of atmospheric radiance and
surface reflectance, thereby isolating the impact of these elements. Assuming the atmospheric and
water surface conditions generalize to the rest of the scene (i.e., uniform throughout the area of interest),
the mean deep-water radiance at sensor can be leveraged to correct for the effect of atmospheric and
surface reflectance interferences [34,70,71]. Depths greater than 50 m will assure that the visible
wavelengths have fully attenuated [72]. In addition, two standard deviations are subtracted to account
for possible sensor noise [73]. It is important to highlight the assumption that conditions are uniform
across each scene. In addition, because of this assumption, the deep-water AOI selected should appear
in the same scene that is being analyzed. This will minimize the possibility of unintended bias that
may be introduced by leveraging a deep-water AOI of another image and that to the greatest extent
possible, the effect of full attenuation of the wavelengths for each scene is uniquely isolated.
2.3.4. Water Column Correction
As light penetrates water, the intensity decreases exponentially with increasing depth. The rate of
attenuation is wavelength-dependent and has a severe effect on the remote sensing-based detection
of aquatic habitats [34]. Therefore, water column correction is appropriate for imagery with multiple
water-penetrating spectral bands [60,74]. Within these visible spectral bands, longer-wavelength blue
bands attenuate less rapidly than shorter-wavelength red bands. Therefore, the spectral radiances
recorded at sensor are dependent on both the subsurface strata reflectance and depth. The confounding
influence of depth can create significant distortions in the subsurface reflectance. Since most marine
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habitat-mapping exercises are only concerned with mapping benthic features, it is advantageous to
remove the influence of variable depth [34,74–77].
3. Results
Using the masked, corrected scenes, we developed a classifier to identify the existence of coral in
a pixel. We applied the predictor to an alternate site within the same Landsat scene (Kingman Reef).
Finally, we applied the predictor to multiple sites in different Landsat scenes (Baker Island Atoll and
Howland Island).
3.1. Generalization Performance by Site
3.1.1. Palmyra Atoll
The model was initially trained and applied to data from the Palmyra Atoll site of Landsat
Path-Row scene 065/056. This site contained a total of 82 unique observation points. Of these, 66 were
in unobscured pixels. For each valid observation point, the corresponding pixel index values were
extracted from the masked, atmospherically corrected, and water column corrected scene based on
location. The extracted DII values were then matched to the ground truth class. The LDA model was
trained on these observations.
For each pixel, the posterior probability of that pixel belonging to the coral class was calculated.
This posterior probability for each pixel belonging to the coral class is shown in Figure 3. The resulting
map of predicted values was analyzed and compared to known geomorphology of the site for context
validation. Figure 4 displays the final class predictions by pixel, based on the trained model.
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3.1.2. Kingman Reef
The first evaluation of how well a supervised classifier can generalize across multiple sites was
evaluated by applying the model trained on the Palmyra site data to labeled data from another location
within the same Landsat scene. This was done by predicting labeled data from the Kingman Reef
using the algorithm trained on data from the Palmyra Atoll. The Kingman Reef is a small reef near
Palmyra Atoll, therefore the two locations reside within the same Landsat image. Sites within the same
scene will have similar atmospheric and water conditions, an assumption that previous in-situ studies
have relied upon heavily. Water turbidity, in particular, is an important assumption as water column
correction has yet to produce a proven method for correcting such interferences or even evaluating its
impact on predicting subsurface benthic habitat bottom type.
There were 57 bottom type observations available for the Kingman Reef site. Of these, 42 could
be matched to valid pixels in the masked, atmospherically corrected, and water column corrected
scene. The trained model correctly predicted 78.57% of the observations in the Kingman Reef site.
This is evidence that the model built using water column corrected indexes generalizes well to sites
within the same scene. The decrease in accuracy from Palmyra Atoll to Kingman Reef of less than
1% is strong evidence for the within scene homogeneity assumption relied on so heavily in previous
in-situ studies. The strong performance reflects the location based environmental conditions that the
two sites have in common. Specifically, because the two sites are within close proximity, they share
similar atmospheric and geomorphological conditions. In addition, the marine species are likely to be
more homogeneous compared to sites separated by a greater distance. Finally, water conditions at
each site are likely to be similar but not identical. Site specific variation in water conditions can occur
within a scene due to differences in how tides, currents, and other natural phenomena interact with
site-specific geomorphological characteristics. The results indicated that the consolidated impact of all
these factors amounts to less than 2% decrease in the accuracy of predicting bottom type between two
sites within the same Landsat image. The resulting posterior probability that a given pixel belongs to
the coral class are presented in Figure 5, and the overall class predictions are presented in Figure 6.
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3.1.3. Baker Island Atoll
The ability of the classifier to generalize to a different scene is an important result. The conditions
between scenes can change significantly. In addition, the variation of marine life species represented
in different sites can alter the observed DII pixel value. Even more importantly, there are likely
to be variances in how reefs naturally formed due to alterations in the site-specific geomorphology.
Even with a uniform approach to atmospheric and water column correction, the environmental changes
across scenes can be substantial.
The ground truth data from the Baker Island Atoll location included 26 bottom type observations
all of which were associated with valid DII pixel values. The classifier trained on Palmyra Atoll data
was able to correctly classify 69.23% of these observations. The decrease in accuracy can be attributed
to changes in site-specific conditions between Baker Island Atoll and Palmyra Atoll. Differences in how
currents and tides impact water turbidity, as well as other environmental impacts, reduce the ability
for observations to appropriately represent other locations. Previous in-situ studies have relied on the
assumption of uniform water conditions. This is because, while there may be significant obstruction of
light due to matter floating in the water, it is not likely to be substantially different across a single scene.
Therefore, because all observations are distorted by approximately the same amount, it only represents
a uniform amount of noise across all pixels in a given scene. However, when data from one scene is
used to evaluate a different scene, these changes in localized or image specific conditions become more
pronounced. For example, changes in water conditions including turbidity can vary within a scene but
is likely to be more similar between two sites within a scene compared to two sites located in separate
images altogether. First, scenes in two separate images are likely to be separated by greater distance
than those in the same scene. This gives rise to greater environmental fluctuation between sites that are
separated by enough distance to be in two separate Landsat images. There are multiple similar reasons
for this fluctuation in water conditions. Namely, the impact of currents and tides can vary from site to
site. The unique location of Baker Island Atoll relative to the equator compared to Palmyra Atoll and
Kingman Reef expose it to more topographic upwelling of nutrient rich waters, which in turn impact
the type of coral at the site and hinder the generalization of the trained model. In addition, the images
of two different scenes were captured on different times and dates that likely had varying weather and
ocean conditions. The consolidated impact of variation on accuracy due to the limited observations and
to generalizing beyond the in-situ image is now measured. For example, the total impact of site specific
environmental conditions between Palmyra Atoll and Baker Island Atoll represents an 11% decrease in
accuracy between the two sites. The resulting per pixel posterior probabilities for the bottom type to be
coral and the per pixel predicted class are presented in Figures 7 and 8, respectively.
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3.1.4. Howland Island
Given the proximity and geomorphologic similarities between Howland Island and Baker Island,
it can be assumed that the environmental conditions that exist within the two sites are similar relative
to some of the other locations. Therefore, the accuracies produced when the Palmyra Atoll model was
applied to each site are similar but not identical. This result is informative in isolating the impact on
generalization due to environmental variation associated with location versus the impact on generalization
due to the timing in which the Landsat image was captured. There were 30 observations of bottom type at
the Howland Island site of which 28 could be assigned valid depth invariant pixel values. When applied
to the Howland Island site, the model correctly predicted 71.43% of the observations.
Figure 9 presents the per pixel posterior probability that the pixel contains coral. Since the two
sites are not close enough to reside within the same Landsat scene, they do not get the benefit of
uniform interference across the scenes. The result is accuracy scores that are comparable due to
environmental and species similarities within the two sites, but not identical. The consolidated effect
of these variations in conditions between the Palmyra Atoll training data and Howland Island test site
was an 8.87% decrease in accuracy of bottom type prediction between the two sites. Figure 10 presents
the final class predictions for each pixel in the Howland Island area of interest.
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3.2. Quantitative Assessment of Site Specific Generalization
The algorithm correctly classified 80.30% of the observations within the Palmyra Atoll site and
obtained a precision of 0.7800 and recall of 0.9512. Precision and recall are very common statistical
measures for measuring type I and type II error rates. Precision is a measure of type I errors and
commonly thought of as a measure of the exactness of an algorithm. Recall is a measure of type II
errors and is often through of as a measure of how completely the algorithm retrieves information.
The harmonic mean of precision and recall is known as the F-measure. The results of the model
application to the Palmyra Atoll site yielded an F-measure of 0.8571. Finally, specificity, which is an
indication of the algorithm’s ability to differentiate between true negative observations, was 0.5600
when evaluated against the Palmyra Atoll truth data.
When applied to the Kingman Reef site, the algorithm obtained similar performance to that
observed in the Palmyra Atoll site. Specifically, the Kingman Reef application accurately classified
78.57% of the observations with precision and recall of 0.8276 and 0.8571, respectively. This indicates
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that the model outperformed the original site in type I error when applied to the Kingman site, but
committed more type II errors as well. The model obtained a specificity of 0.6429 and an overall
F-measure of 0.8421, both of which are similar results to those obtained from the Palmyra site.
The similarity between the two sites can be attributed to their close proximity and commonality
in environmental conditions.
Evaluation of the model performance when applied to the Baker Island Atoll site revealed 69.23%
of the ground truth observations could be correctly classified. Further evaluation of the algorithm
results showed that the algorithm yielded precision and recall of 0.6522 and 1.0000, respectively.
The F-measure for the application was 0.7895, which was similar to the measure produced in the
evaluations of previous sites. Specificity equal to 0.2727 was obtained.
The Howland Island application produced more type II errors than observed in other scenes,
and as a result, had a low recall score of 0.5333. Specificity scored higher than the applications to other
sites with a score of 0.9231, due to fewer type I errors. Owing to the low type I error rate, precision
was high at 0.8889. The F-measure was the lowest of all applications at 0.6667. These results are
summarized in Table 2, followed by the detailed confusion matrices in Table 3.
Table 2. Assessment metrics for evaluation of model performance for each site and consolidated input.
Palmyra
Atoll
Kingman
Reef
Baker Island
Atoll
Howland
Island
Consolidated
Sites
Accuracy 80.30% 78.57% 69.23% 71.43% 74.07%
Precision 0.7800 0.8276 0.6522 0.8889 0.7244
Recall 0.9512 0.8571 1.0000 0.5333 0.9293
Specificity 0.5600 0.6429 0.2727 0.9231 0.4444
F-measure 0.8571 0.8421 0.7895 0.6667 0.8142
Table 3. Confusion Matrices by Site and Consolidated Inputs.
Ground Truth
Labels
Coral Not Coral
Predicted Class
Palmyra Atoll
Coral 39 11
Not Coral 2 14
Kingman Reef
Coral 24 5
Not Coral 4 9
Baker Island Atoll
Coral 15 8
Not Coral 0 3
Howland Island
Coral 8 1
Not Coral 7 12
Consolidated Sites
Coral 92 35
Not Coral 7 28
3.3. Robust Combined Model
The accuracy for any given site is constrained by how well the observed values used to train an
algorithm represent the general population, and how well the algorithm itself can correctly model
the relationship between inputs and the target variable. One way to ensure that the observation
data adequately represents the population is to increase the breadth of observations used to train the
predictor. Having analyzed the variation in accuracy across the various sites, we retrained the model
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using observations from all four sites. The resulting model was evaluated using a leave one out cross
validation (LOOCV), for the classification of 127 coral pixels and 35 non-coral pixels. Of the 127 coral
predictions, 92 were correct and 35 were incorrect. Of the 35 not-coral predictions, 28 were correct and
7 were incorrect, which corresponds to an accuracy of 74.07%. The classifier yielded a precision of
0.7244 and recall of 0.9293 indicating good performance on type II errors and marginal performance
against type I errors. The model yielded a specificity of 0.4444 and the final F-measure was 0.8142.
These results expose the novel finding that a model can be trained on data from multiple Landsat
sites and yield robust predictions of coral. The associated confusion matrix can be found in Table 3.
The resulting model yielded strong results to data collected from multiple sites and multiple scenes.
This is a demonstration of the robustness of Landsat data to generalize across scenes. However,
the model did not obtain the same accuracy produced using data from a single scene or even the
model applied to an alternate site within the same scene. This is due to the impact of variation in
environmental conditions between scenes. Most notably, there are often significant differences in water
conditions and turbidity across various locations. However, the impact of these differences can be
mitigated as more sites are considered for training the model. In addition, there are variations in
the marine species that exist across locations. These two factors confound the inputs for a predictive
model and lead to lower accuracies. Previous research has relied on assumptions of homogeneity.
Comparing the results of the Palmyra Atoll and Kingman Reef sites within the same scene confirms
this assumption, although with a slight drop in accuracy. Figure 11 identifies the receiver operating
characteristic (ROC) curve resulting from the model developed using the consolidated site data. This is
an important visualization used to identify performance as a function of the type I error or recall (true
positive rate) as a function of 1− Speci f icity (false positive rate). The area under curve (AUC) is an
important diagnostic for evaluating model performance related to the ROC curve. In this instance, the
value of the AUC was 0.7298.
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4. Discussion
4.1. Spectral Signature Generalization Properties for Coral Reef Classification
The ability for a supervised classifier to generaliz cross site i a critical outcome of this research.
Previous research has conce ned analysis and clas ifiers strictly limited to in-situ sites. This research
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advances the field of subsurface identification by evaluating the ability for Landsat information to
generalize across sites and scenes. We measured this by locating four different sites known to contain
benthic areas with coral reefs. We then obtained corresponding ground truth labels for a sampling of
coral and non-coral pixels for each location. A classifier was trained using linear discriminant analysis
to predict the presence of coral. This model yielded a leave one out cross validation accuracy of 80.30%
in the training site, and only a small decrease in accuracy when applied to a remote site within the same
scene. The accuracy of the model when applied to the Kingman Reef site was 78.57% demonstrating
that while conditions can change across a given scene, the impact was minimal. This validates the
classic assumption made by previous in-situ studies of homogeneity of conditions across a given
Landsat scene. We then applied the model to several other sites. Baker Island Atoll yielded an
accuracy of 69.23%, and Howland Island produced an accuracy of 71.43%. These lower accuracies
were due to two primary reasons. First, variances in the types of coral and algae species that live
in a given ecosystem create small variations in the signal received by the satellite. This diversity of
life is related to each ecosystem’s adaptation to the surrounding geomorphic conditions. Changes in
environmental conditions and related noise create disturbances that manipulate the signal received
by the sensor. While atmospheric and light attenuation due to water column penetration can be
corrected, the interference due to localized water turbidity cannot. This can account for a decrease in
accuracy of predicting coral by more than 10%, as shown in this study. The interference due to water
turbidity is not uniform and some scenes are impacted more than others. Finally, a consolidated model
was created using the strength of observations across all sites. Accuracy of 74.07% was calculated
using a leave one out cross validation. The resulting model demonstrated a robustness to some of the
perturbations mentioned.
4.2. Methodology Benefits and Challenges
The outcomes presented in this study enabled a solution to reduce location-based bias of the
spectral signature of coral reefs. This represents a strong advantage over previous in-situ studies,
which required localized observation data to detect coral reefs. The results presented in this study
indicated that the spectral signature information of coral contained in one site can be leveraged to
evaluate another, unobserved site with up to 71% accuracy. Furthermore, the results of this study
indicated that a robust model can be created by leveraging the consolidated information from several
sites and produce accurate predictions for coral of up to 74%. These results are a key component
required for the progression from in-situ analysis to large scale spatial analysis of coral reefs.
The primary challenge of the proposed method are the lower accuracy scores as compared to that
of in-situ analysis. Previous in-situ analysis based on Landsat data generally obtain accuracies of up to
80% [37], as was obtained in the site-specific study of Palmyra Atoll here. The reduction in accuracy is
an indication of variation in the geomorphology and ecology of the robust model. In-situ analyses
incorporate this bias into the training of their predictors, and therefore yield higher accuracies.
4.3. Future Research
Future work is required to apply the spectral signature generalization principles of coral presented
here. This research has intentionally adhered to two major restrictions to enable these future endeavors.
First, we have focused on Landsat data, despite inferior resolution compared to newer satellites such as
the Sentinel-2 mission. This was done so that analysis in the immediate future can build on the results
presented here by leveraging temporal analysis of the rich history of Landsat missions. Beyond the
immediate future, once a rich archive of Sentinel data is accumulated, this analysis can be leveraged
to enable temporal analysis at higher resolutions. Similarly, we have omitted the use of the Landsat
8 Ultra Blue Band 1. While the wavelength penetration properties of this band would certainly add
value to this analysis, we have avoided leveraging this information to enable change detection analysis
that will rely on historical Landsat missions for which this band is unavailable. Future work is also
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required to evaluate more sophisticated models such as support vector machines for pixel classification
in multiple scenes and recurrent neural networks (RNN) for pixel change analysis and prediction [78].
5. Conclusions
The ability for a supervised classifier to generalize across sites is a critical outcome of this research.
Previous research has concerned analysis and classifiers strictly limited to in-situ sites. This research
advances the field of coral classification using remote sensing data by evaluating the ability for Landsat
information to generalize across sites and scenes. This outcome is part of a natural progression toward a
global evaluation of coral health using satellite data both in the present and historically. Understanding
the spectral generalization properties of coral enables more robust evaluation of many reefs which
have not been studied before. Furthermore, this research provides a baseline accuracy for evaluating
the presence of coral in locations for which observations are unavailable or have not been made. The
classification accuracy of the model trained on a known site and applied to a new site is less than
that of previous in-situ analysis, because it does not incorporate the site-specific geomorphology and
location-based bias. However, a model trained using data from multiple sites is more robust to these
environmental variations and free of location specific bias. We measured the generalization criterion
by locating four different sites known to contain benthic areas with coral reefs. We then obtained
corresponding ground truth labels for a sampling of coral and non-coral pixels for each location. A
classifier was trained using linear discriminant analysis to predict the presence of coral. This model
yielded a leave one out cross validation accuracy of 80.30% in the training site and only a small decrease
in accuracy when applied to a remote site within the same scene. The accuracy of the model when
applied to the Kingman Reef site was 78.57%, demonstrating that while conditions can change across
a given scene the impact is minimal. This validates the classic assumption made by previous in-situ
studies of homogeneity of conditions across a given Landsat scene. We then applied the model to
several other sites. Baker Island Atoll yielded an accuracy of 69.23%, and Howland Island produced
an accuracy of 71.43%. These lower accuracies are due to two primary reasons. First, variances in
the types of coral and algae species that live in a given ecosystem create small variations in the
signal received by the satellite. This diversity of life is related to each ecosystems adaptation to the
surrounding geomorphic conditions. Even more, changes in environmental conditions and related
noise create disturbances that manipulate the signal received by the sensor. While atmospheric and
light attenuation due to water column penetration can be corrected, the interference due to localized
water turbidity cannot. As seen in this study, this can account for a decrease in accuracy of coral
prediction by more than 10%. Furthermore, the interference due to water turbidity is not uniform
and some scenes are impacted more than others. Finally, a consolidated model was created using the
strength of observations across all sites. Accuracy of 74.07% was calculated using a leave one out cross
validation. The resulting model demonstrated a robustness to some of the perturbations mentioned.
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